Abstract: A method is proposed for modeling a large number of faults in a system by a convex combination of a limited number of fault models that form a model set. The fault models in this model set, correspond to the maximum and minimum expected faults for faults that can occur partially. In this way, partial faults can be represented by a convex combination of the models from the model set. The identification of faults is performed by estimating the weights of the models from the model set. A set of linearized models of a Boeing 747 aircraft is used to display the effectiveness of the proposed method. This model set also includes models of the aircraft that correspond to faults that occurred during the disastrous crash of EL AL flight 1862 in 1992.
INTRODUCTION
In safety-critical systems, such as aircraft, reliability is of paramount importance. Therefore, in an attempt to increase reliability in such systems, numerous research efforts in the field of Fault Detection and Identification (FDI) and Fault Tolerant Control (FTC) have been made. These efforts resulted in a vast number of different methods for FDI. A general overview and discussion of these methods can be found in (Patton et al., 2000) and an overview focused specifically on aircraft can be found in (Hajiyev and Caliskan, 2003) .
One of the many different approaches to FDI, is the multiple model approach. A multiple model system consists of a model set that contains local models each corresponding to a specific condition of the system. In an FDI setting, the local models usually represent different fault conditions of the monitored system (Zhang and Li, 1998) . Furthermore, the model set also contains the nominal fault-free model of the system. When the system is in its fault-free operation mode, the model corresponding to the nominal case will have maximum activation, which corresponds to a weight of one, and all other models in the model set will have a weight of zero (minimum activation). In case of a fault, one or more of the local models corresponding to faults will have weights greater than zero.
In this paper a multiple model framework is presented that allows for modeling of sensor faults, actuator faults as well as component faults. In this framework the model sets are created such that they can represent a large number of fault conditions by a limited number of models. These model sets consist of a convex hull formed by fault models that correspond to the maximum fault of the different parts of the system. In this way, intermediate faults such as partial actuator or sensor faults can be represented by a convex combination of the models in the model set. The same idea on fault modeling has been presented in (Liao et al., 2005) . However, in this reference the fault model has been used for the synthesis of a passive fault tolerant controller, which is robust with respect to all faults modeled by the convex hull of the models from the designed model set. This passive FTC method hence requires no information on the actual condition of the system.
In critical situations in aircraft, completely relying on FTC might not be desirable in some situations. Therefore, keeping the pilot in the loop is desirable in any FTC scheme (Maciejowski and Jones, 2003) . For this reason, the pilot should also have information on the faults that have occurred. In this paper, the fault information will be obtained by estimation of the weights of the models in the model set. The weights will be estimated together with the state by an algorithm largely based on the method proposed in (Hallouzi et al., 2006) . However, the main focus of this paper is assessing the FDI capabilities of the proposed fault modeling strategy, therefore the reader interested in the model weight estimation algorithm is referred to the aforementioned reference.
The proposed method will be evaluated on a linearized simulation model of a Boeing 747 aircraft. This model is being used as a benchmark in Action Group 16 of the GARTEUR (Group for Aeronautical Research and Technology in EURope) project. This Action Group aims at integrating advanced FDI methods with control reconfiguration schemes. The benchmark model allows to simulate different realistic fault scenarios. Furthermore, as a special feature, the specific faults that occurred during the disastrous EL AL 1862 flight can be simulated individually. This flight crashed into a building in Amsterdam in 1992, after both engines at one side of the aircraft had separated (Smaili and Mulder, 2000) . This crash, known as the "Bijlmerramp", caused the death of 43 people. The benchmark will be used to create a model set that can represent a number of "usual" faults as well as the very exceptional faults that occurred during flight 1862. This paper is organized as follows. In Section 2, the idea of convex fault modeling is explained and motivated. In Section 3, the simulation results are presented as well as a discussion on the modeling method. Finally, conclusions are given in section 4.
CONVEX FAULT MODELING
In this paper, the nonlinear Boeing 747 model will be analyzed in the vicinity of one operating point. It is assumed that the linearized model near a certain operating point is modeled by the following continuous multiple model systeṁ
where 
m is the input, y ∈ R l is the output, w ∈ R n is the process noise, v ∈ R l is the measurement noise and N is the number of local models.
The idea of the convex hull fault modeling approach is to create a set of local models (the model set), which includes the nominal model and a limited number of fault models that, when combined according to (1)-(3), can model a much larger class of faults. Typically, the local models are models that correspond to the maximum faults of the component. For example, in (Liao et al., 2005) "stuck-at" faults in a number of aircraft control surfaces have been modeled. This type of faults is characterized by a control surface that is stuck at a certain position and does not react on the actuator anymore. The model set representing this type of faults consists of models that correspond to the cases in which the control surface is stuck at one of its two outer limits. The resulting model set, however, also describes the aircraft in case the concerning control surfaces were stuck at any other position between the two outer limits. In Figure 1 a graphical representation is given of the range of "stuck-at" faults that can be described by two models. In this figure, a control surface is depicted with its maximum and minimum deflection, δ max act and δ min act , respectively. The two models correspond exactly to the cases in which the aircraft has the control surface stuck at its maximum and minimum deflection. An intermediate "stuck-at" fault of the same control surface, as is represented by δ to be considered, a model set consisting of a number of pairs of the previously described models has to be built.
Complete fault modeling
There exist also faults that do not have the interpolation properties of the faults depicted in Figure 1 . For example, certain component faults such as engine separation are discrete: either the engine is still attached to the wing or it has separated. A schematic view of a model set that consists of both types of faults is given in Figure 2 . In this figure, the dots correspond min are the models that correspond to fault 1 at is maximum and minimum limit, respectively, and M f (2) is a model that corresponds to some specific
represents the system affected by fault 1 with size r. In this model set any fault of type 1 with an arbitrary size between the maximum and minimum value can be modeled by a model along the upper vertical line. For fault type 2, this interpolation property does not hold and therefore only model M f (2) itself represents a valid model.
In Figure 2 it can be seen that there is also an area inside the convex hull. The models in this area do not necessarily have to correspond to any physical fault. Therefore, it should be noted that the proposed modeling method, even though it is very compact, describes more models than strictly feasible. Some of the areas within the convex hull may correspond to situations in which the system is affected by two or more faults, however not all combinations of multiple faults can be expected to be modeled by the models from the interior of the convex hull. Therefore, in this paper single faults will be considered.
Discrete convex fault model
The multiple model system from (1)- (3) is a continuoustime model. For application in an on-line environment a discretized version of this model is required. The discretized version of the A and B matrices can be computed with the following Taylor expansion:
where A d and B d are the discretized versions of the continuous-time state space matrices A and B, respectively, and T is the sampling time. The C and D matrices are not changed by discretization. The matrices A d and B d can be approximated by truncating the Taylor expansion in (4)-(5). Such an approximation results in truncation errors which can be bounded in case of the A matrix as follows (Moler and Loan, 2003) :
where M is the number of terms used for computing the Taylor expansion, ǫ is a prescribed error tolerance and r i,j represents the elements of the remainder matrix R, which is defined as
The matrix norm A used in (6) is defined as
with A ∈ R m×m and a i,j represents the element of A in row i and column j. For matrix B a similar bound as (6) can be derived.
In Section 3 it will be shown that for the models used in this paper, a sufficiently small ǫ can be achieved by using a first order approximation (M=1) in combination with a small sample time T . Consider the continuous state equation (1), the first order approximation of the discretized state equation is given by
(9) If the constraints from (3) are imposed also for the discrete-time case, then Ix k can be substituted with
k x k and (9) becomes
(10) Now it can be seen that, for a first order approximation and under condition (3), the discretized multiple model system is exactly the weighted sum of the individually discretized local models, which is very convenient.
Incorporating different trim offsets
The Boeing 747 benchmark model has a trimming routine that can compute the input and state offsets such that there is an equilibrium of forces and moments for a certain operating point of the aircraft. The resulting local models from this trimming routine have slightly different offsets because the local models correspond to different fault situations for which it is not always possible to obtain the same trim offset. This issue has been resolved by using the following model description
This description is a discretized version of (1)- (3) and it is extended such that it can deal with different trim offsets. In this description, x (o,i) and u (o,i) correspond to the offsets in the state and input of the i th local model, respectively.
SIMULATION RESULTS
In this section the proposed fault modeling strategy is evaluated with the Boeing 747 benchmark. For this purpose, the nonlinear model has been trimmed in nominal condition at a certain operating point. Moreover, the model has been trimmed near the same operating point for a number of fault conditions. For all trimmed conditions a linearized model is derived.
Model description
The linearized models are tenth order models of the longitudinal and lateral/directional motion of the aircraft with eight inputs. An overview of the states and inputs of the linearized models is given in Table 1 . The outputs of the models are measurements of all states, except for β and ψ. Although these two signals are measured in the aircraft, they are omitted to test the state estimation performance when using the proposed fault modeling method. In the trimming routine of the benchmark, it has been assumed that similar surfaces operate and fail together. For example, the inner right, inner left, outer right and outer left elevator surface have been lumped into one generic elevator surface. Note that this has been done for simplification purposes only and that the presented modeling method can be easily modified to include individual commands of each different control surface.
Model set design
A model set has been created that consists of the local models described in Table 2 . This model set is capable Engine separation 5
Elevator stuck at upper limit (17 deg) 6
Elevator stuck at lower limit (-23 deg) 7
Rudder stuck at upper limit (25 deg) 8
Rudder stuck at lower limit (-25 deg)
of modeling "stuck-at" faults in the whole deflection range of the two control surfaces, elevator and rudder, and total and partial faults in the angle of attack sensor. Moreover, the model set contains two models that describe specific fault conditions of the aircraft during the "Bijlmerramp" disaster. Model 3 corresponds to the aircraft in case of outage of hydraulic system number 4, which is one of the 4 hydraulic systems on a Boeing 747. This fault results in loss of control of a number of control surfaces (see (Marcos and Balas, 2003) for the details on this fault). Model 4 corresponds to the aircraft in case of separation of both engines on the right wing. In this model the weight loss, center of gravity change and wing damage that resulted from the separation are modeled. All local models are obtained using a straight-and-level trim at h = 2000 m and V TAS = 150 m/s.
Simulation
Simulation data required for the state and model weight estimation algorithm is obtained by simulating the scenario from Table 3 . The simulation is per- Table 3 are unstable. The aircraft models are stabilized with a control law u = u ref −Kx, in which the feedback gain K is computed with the Linear Quadratic Regulator (LQR) methodology and u ref is the reference input vector. The gain K is computed with the LQR method such that the objective function
is minimized. The Q and R matrices are tuning parameters that are chosen such that the aircraft is stabilized and at the same time the control inputs do not exceed their operating range. The gain K is designed using the nominal model and it is used throughout the whole scenario including the time intervals in which faults are injected. It should be noted that the gain K designed for the nominal model also resulted in a stable closed loop behavior for some of the different fault conditions. However, it was not designed to be an FTC for the whole fault scenario that is optimal in any sense. The reference input vector u ref is chosen to contain sinusoidal signals to excite the system.
For the state and model weight estimation, the local models have been discretized with a sampling time of T = 0.01 s using (4)- (5) with M = 1. The error bound defined in (6) can be computed to be in the order of 10 −4 for this particular choice of parameters ( A ≈ 3, for all local models), which is small enough for the purpose of this experiment.
Results
The model weight estimation results obtained with the combined state and weight estimation algorithm (Hallouzi et al., 2006) are given in Figure 3 . In this figure, the time interval in which a deviation can be expected from the nominal situation (µ (1) = 1 and µ (2) , . . . , µ (8) = 0), is indicated by a dark background. The first fault that is inserted is a 50% fault in the α-sensor. This fault is correctly identified since the model that corresponds to a total α-sensor fault has a weight of 0.5, while the nominal model has a weight of 0.5. The second fault is an elevator "stuckat" fault at 5 deg. This fault is completely described by model 5; µ (5) becomes approximately 1 during the corresponding fault interval. The reason for this is that the elevator "stuck-at" fault of 5 deg results in almost the same dynamical behavior as the condition in which the elevator is stuck at its upper limit. The third fault is a "stuck-at" fault of the rudder at -15 deg. This fault is described by the weights µ (7) = 0.32 and µ (8) = 0.68. Although from these values it is not possible to determine the exact position of the "stuck-at" position, it is possible to get a rough estimate. For example, with the knowledge that the rudder has symmetric upper and lower limits and the fact that µ (8) > 0.5, it can be concluded that the rudder is stuck somewhere in the negative deflection range. The fourth fault is a total outage of hydraulic system system number four. This fault is accurately identified by µ (3) , which becomes 1 during the insertion of the fault. The last fault corresponds to the separation of two engines on the right wing. It can be seen that this fault is correctly identified at T = 95 s by µ (4) , which becomes 1. Moreover, it can be seen that throughout the whole simulation µ
(1) approaches 1 again when there are no faults injected.
The state estimation results of the two unmeasured states β and ψ are depicted in Figure 4 . Again, the time intervals in which faults occur are indicated by a dark background. The estimations of the measured states perfectly correspond to the measurements of these states and are therefore omitted in Figure 4 . As can be seen in this figure, even the two states that are not measured are neatly estimated, except for the time interval 55-60 s in which a small estimation error can be observed. 
Discussion
Although the presented simulation example delivered satisfactory results, there are two issues that require special attention in using the multiple model framework. These two issues are input design and model distance. The first issue is input design. Control input design plays an important role in the ability of model weight estimation methods to discriminate between system models. Although there are methods under research for control input design (Blackmore and Williams, 2005; Campbell and Nikoukhah, 2004) , these methods still have restrictions that result in a limited practical applicability. For the simulation example, the issue of input design is resolved by heuris- (Hallouzi et al., 2006) . In the simulation example, the model set consists of models that are far from each other by construction, so this issue does not play a role.
It is demonstrated by the inclusion in the model set of the model corresponding to the separated engines that even these very rare faults can be correctly identified in a multiple model framework. It can be argued that because this fault is so rare, it is not worth considering it in an FDI design. However, the "Bijlmerramp" proves otherwise. During this disaster the pilots were not aware of the fact that the engines had separated. They only had the information that these engines were not providing any thrust (Smaili and Mulder, 2000) . The knowledge of engine separation might have changed their decision in the last phase of the flight. Although, a model set consisting of many single models each corresponding to a very rare event is too complex, these type of faults can be modeled by a more limited number of models. This is a topic that is left for further research.
CONCLUSIONS
A fault modeling strategy is proposed that is able to model a large class of faults by a limited number of fault models, which correspond to the extreme values of the considered faults. Identification of faults is performed by estimating the weights of the models in a model set designed with the proposed fault modeling method, in a multiple model framework. The advantage of this framework, is that sensor, actuator as well as component faults can be modeled. This has been shown by a simulation study of a Boeing 747 aircraft model. In this study, a number of faults including specific faults that occurred during the disastrous EL AL flight 1862 are correctly identified. Future work will focus on automatic model set generation based on large sets of random fault models.
